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In Brief
Inter-individual variation in MHC-II genotype influences the evolution of patient-specific tumor mutational spectra, emphasizing the key role of CD4 + T cells in anti-tumor immunity.
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INTRODUCTION
The major histocompatibility complex (MHC) is one of the most polymorphic gene systems found in living organisms. This formidable polymorphism has led to the idea that MHC diversity is maintained so that heterozygous individuals are able to recognize and cope with a wide variety of microbial pathogens (overdominance model) (Carrington et al., 1999; Doherty and Zinkernagel, 1975; Messaoudi et al., 2002) . Thus, in the interplay between microbial pathogens and an individual immune system, immune escape by mutation necessitates that the pathogen must accumulate multiple mutations before immunity is lost (immune pressure) (Bonhoeffer and Sniegowski, 2002; Nowak and Bangham, 1996) . Genomic interrogation of cancer has made it possible to catalog non-synonymous mutations that could create cell surface peptide/MHC complexes potentially recognizable by T cells (e.g., neoantigens). This information is central to efforts to understand the role of the MHC in cancer evolution. To this end, we recently reported that MHC-I molecules play a significant role in shaping the mutational landscape of cancer . We demonstrated that mutations were more likely to be observed in tumors if the background MHC-I genotype resulted in poor affinity for peptides harboring the mutation, with implications for individual mutation probability and population mutation frequencies. These findings demonstrated that genomic variation in the MHC can play a significant role in shaping tumor genomes.
MHC-II molecules typically present 12-16 amino acid peptides to CD4 + T cells. CD4 + T cells play a more complex role than CD8 + T cells. While possessing cytotoxic effector properties similar to CD8 + T cells, they also exert a wide range of regulatory functions that distinguish them from CD8 + T cells. Classically, CD4 + T cells provide functional help to B cells, CD8 + T cells, and CD4 + T cells in the form of cooperation involving cognate interaction with an antigen presenting cell (B cell or dendritic cell) (Cassell and Forman, 1988; Gerloni et al., 2000; Mitchison, 1971; Schoenberger et al., 1998) . The role of CD4 + T cells in tumor immunity and protection has been proven in many studies in the mouse (Haabeth et al., 2014; Hung et al., 1998; Wang, 2001) . Indeed, patients responding to immunotherapy show a strong proliferative CD4 + T cell response to tumor-associated antigens Adoptive CD4 + T cell therapy has been associated with durable clinical responses in melanoma (Hunder et al., 2008) and cholangiocarcinoma (Tran et al., 2014) patients.
While these results suggest the essential role of MHC-II molecules in antigen presentation and in immune detection of mature tumors through neoantigen recognition, little is known about how MHC-II impacts emerging tumors. MHC-II, like MHC-I, is highly variable among humans with 4,802 documented alleles (Robinson et al., 2015) . However, the antigen affinity of each MHC-II molecule is influenced by two genes, producing a combinatorial effect that leads to higher variation than MHC-I (Unanue et al., 2016) . Because the average MHC binding affinity for MHC-IIrestricted peptides required to activate CD4 + T cells is less stringent than that for MHC-I restricted peptides (Southwood et al., 1998) , the MHC-II peptide binding groove structure allows more promiscuous binding of peptides (Consogno et al., 2003; Kobayashi et al., 2000) , and CD4 + T cell responses can extend to encompass additional antigens after initial activation (epitope spreading) (Hunder et al., 2008) , understanding the impact of MHC-II molecules in cancer immunity and cancer evolution is also more complex than for MHC-I.
Does high inter-individual variation in MHC-II genotype contribute to shaping the prevalence of mutations in cancer and directly influence patient-specific tumor development? To test this hypothesis, we adapted our strategy for analysis of MHC-I presentation to MHC-II. First, we adjusted the MHC-Ispecific patient harmonic-mean best rank (PHBR-I) score to account for differences in MHC-II peptide binding. We used multiallelic mass spectrometry data to validate the effectiveness of the score to represent peptide presentation by an individual's MHC-II genotype. Next, we determined and analyzed the MHC-II PHBR scores (PHBR-II) of 1,018 recurrent mutations for 5,942 patients in The Cancer Genome Atlas (TCGA). We found that MHC-II genotype has an even stronger influence over mutation probability than the MHC-I genotype.
RESULTS
Creating an Affinity-Based MHC-II Genotype Scoring Scheme
To study the role of MHC-II during tumorigenesis, we needed a score linking MHC-II genotype to presentation of specific mutations. We first constructed a score representing the ability of a single MHC-II molecule to present a residue. We previously established that using the best rank among peptides provided the best performance for predicting MHC-I presentation. We therefore adapted this scoring scheme to reflect the structure and composition of MHC-II. Three molecules (HLA-DR, HLA-DP, and HLA-DQ) make up the MHC-II, all of which are heterodimers formed by an alpha and beta chain (Unanue et al., 2016) . Both the alpha and the beta chain influence the binding affinity of a peptide. In contrast to MHC-I, the MHC-II binding groove is open at both ends, allowing longer peptides to bind. To predict binding affinity to each alpha-and beta-paired MHC-II molecule, we used netMHCIIpan-3.1 that returns a single rank for the pair with each peptide (Karosiene et al., 2013) . Unlike netMHCpan-3.0, netMHCIIpan-3.1 has only been optimized for 15-mers and not for varying lengths. As with MHC-I, we assigned the single MHC-II molecule presentation score as the best rank of all k-mers containing the desired residue ( Figure 1A ).
Next, we combined single molecule residue-centric presentation scores into an MHC-II genotype score. Previously, MHC-I single allele best rank scores were combined using the harmonic mean resulting in the patient best-rank harmonic mean (PHBR-I) score, as this outperformed all other tested formulations. To create an analogous score for MHC-II, we modified the PHBR-I score to account for the different composition of MHC-II molecules. The MHC-II genotype comprises 2 copies each of HLA-DR alpha and beta, HLA-DP alpha and beta and HLA-DR alpha and beta. HLA-DRA is the only non-variable gene in the population, resulting in only 2 possible HLA-DR heterodimers. Each individual can form four possible alpha-beta heterodimers from HLA-DP and HLA-DQ. This results in a total of 10 possible unique heterodimeric MHC-II molecules ( Figure 1B ). To weight each gene equally in the final presentation score, each HLA-DRB1 allele is considered twice, bringing the total number of complexes to twelve. To evaluate the combined effect of these complexes on the presentation of a residue, the best rank score is calculated for all twelve complexes and those twelve values are combined using the harmonic mean to create a PHBR-II score ( Figure 1C ).
To assess the performance of the PHBR-II score at predicting extracellular presentation, we compared the scores for peptides derived from several multi-allelic HLA-DR expressing cell lines against matched scores for randomly derived peptides (Ciudad et al., 2017) ( Figure 1D ). The combined AUC across all cell lines was 0.69 ( Figure 1E ). This formulation of the PHBR-II score outperformed another scoring variation where peptides of varying lengths were considered ( Figure S1 ). Two reasons contribute to the reduced performance relative to MHC-I (receiver operating characteristic curve [ROC] area under the curve [AUC] 0.75) . First, predicting single allele MHC-II binding has higher error than predicting single allele MHC-I binding (Andreatta et al., 2018; Paul et al., 2015; Wang et al., 2008) . Second, computing an AUC value requires a non-binding negative set of residues. We employ a random set of residues when evaluating PHBR scores for both MHC classes; however, MHC-II has a larger effective binding range than MHC-I. As a result, the negative set should have an order of magnitude more actual binding residues for MHC-II than MHC-I. Thus, lack of an appropriate negative set for MHC-II deflates the calculated AUC value. For this application, namely using predicted MHC class II binding affinities to identify T cell epitopes for which the exact restricting MHC class II molecule is not known, performance measured by AUC values is typically around 0.7 (A. Sette and B. Peters, personal communication). Despite these limitations, the PHBR-II score contains significant signal that renders it useful for further analysis.
Finally, we applied the HLA-HD tool (Kawaguchi et al., 2017) to predict HLA-II alleles for patients in TCGA with exome sequencing data (Table S1 ). To the best of our knowledge, HLA-HD is currently the only tool that can call alpha and beta alleles for HLA-DR, HLA-DP, and HLA-DQ with high accuracy. Thus, from a total of 8,333 patients with exome sequencing, we successfully typed 7,929 patients at all three genes. To validate these HLA types, we also applied xHLA (Xie et al., 2017) , which calls the beta alleles for HLA-DR, HLA-DP, and HLA-DQ. We restricted our patient set to samples where both HLA-HD and xHLA completely agreed, leaving 5,942 patients ( Figure S2A ; Table S1 ). Within the typed TCGA patients, HLA-DPA1 revealed the least population variation, with only 14 types represented and the most common allele (HLA-DPA1*0103) at a frequency of 0.76 in the population. HLA-DRB1 had the most variation in the population, with 74 types represented, the most common of which (HLA-DRB1*0701) was observed at only a frequency of 0.20 ( Figures S2B-S2F ).
Recurrent Cancer Mutations Are Poorly Presented by
Human MHC-II Mutations that drive the early development of tumors should be observed more frequently across tumors (Lawrence et al., 2013) . We therefore used recurrence of mutations in established oncogenes and tumor suppressors (Davoli et al., 2013) as criteria to (A-C) A graphical representation (A) of the best rank (BR) presentation score for a residue, (B) MHC-II genetic diversity in the population, and (C) the patient harmonic-mean best rank class II (PHBR-II) presentation score. (D) An experimental schematic of the MS-based validation of the PHBR-II score. HLA-DR MS data from 7 donors was used to validate the PHBR-II score.
(E) ROC AUC curves showing the accuracy of the PHBR-II for classifying the extracellular presentation of a residue by a patient's HLA-DR genes for 7 donors (colors) and for all donors combined (black). The aggregated PHBR-II presentation scores for the 7 donors expressed HLA-DR alleles was compared to a set of random residues for the same HLA-DR alleles. See also Figures S1 and S2, Table S1 , and Data S1. assemble a list of 1,018 cancer-driving mutations likely to have occurred prior to immune evasion and that could therefore reflect the effects of selection by immunosurveillance. We calculated PHBR-II scores for every mutation-patient combination, resulting in a matrix of 5,942 patients (Figure 2, rows; Table S2 ) and 1,018 mutations (Figure 2 , columns). The matrix provides a highlevel overview of the MHC-II presentation landscape across cancer patients and recurrent cancer mutations. Patients and mutations were clustered according to similarity of presentation score profiles. While we observed no obvious clustering of patients by tumor type or infiltration by CD4 + T cells (Newman et al., 2015) , we did observe expected clusters of samples with shared ancestry, resulting from population-specific differences in MHC-II allele frequencies. Interestingly, we observed bias toward poor presentation of tumor suppressor mutations by MHC-II across the entire population (Fisher's exact test, PHBR-II R10, OR [odds ratio] = 1.43, p = 0.006). Notably, this same enrichment was not present for MHC-I presentation (Fisher's exact test, PHBR-I R2, OR = 1.33, p = 0.40). Although only a small fraction of the tested mutations were in-frame indels, there was no clear difference between the MHC-II presentation of missense mutations and indels. Interestingly, when a similar matrix was generated using the wild-type sequences instead of the mutations, the presentation of the sequences across the population were highly concordant (Pearson's r = 0.96, Figures  S3A and S3B ). Next, we compared the ability of the 5,942 cancer patients to present different classes of residues by MHC-II. We calculated the PHBR-II scores of every patient for 1,000 viral residues, 1,000 bacterial residues, 1,000 common polymorphisms, and 1,000 random mutations . To compare the behaviors of PHBR-II scores, we visualized raw distribution and the cumulative distribution function (CDF) for each class of residues. Viral and bacterial residues were presented the most effectively out of these classes by the patients in the population ( Figure 3A) . Assuming that the MHC-II system has primarily evolved to ward off pathogens, it is not surprising that the CDF curves are shifted to the left in comparison with other classes, with more than 27% of viral and 29% of bacterial PHBR-II scores falling below a PHBR-II threshold of 6 (threshold based on 0.2 false-positive A clustered heatmap of patients in TCGA with the 1,018 frequent cancer mutations. Only 1,050 ancestry-distributed patients are included for spatial reasons. The heatmap is colored by PHBR-II score. Column and row coloring highlight groupings of patients and mutations into different categories. TS, tumor suppressor. See also Figure S3 and Table S2 . rate) (Figures 3B and S4A; Table S3 for confidence intervals [CI]). Common germline polymorphisms and random mutations should in contrast approximate events that are selectively neutral. MHC-II presentation of germline variants should in principle be decoupled by tolerance such that germline variants should not be biased to occur in particularly well or poorly presented peptides. Similarly, randomly selected mutations should represent an unbiased sample of background MHC-II presentation. Consistent with positive selection, pathogen residues are presented significantly better than germline variants or random mutations by MHC-II across the population, yet 22% and 23% of PHBR-II scores still fall below the 6 PHBR-II threshold for common germline polymorphisms and random mutations, respectively. In contrast, distributions of PHBR-II scores for recurrent mutations in oncogenes and tumor suppressors (observed >10 times in MHC-II-typed population) show a shift upward toward poor presentation relative to random mutations (p < 2.2eÀ16), with only 12% of scores for mutations in oncogenes falling below the 6 PHBR-II threshold. Strikingly, there was even poorer presentation of mutations in tumor suppressor genes (p < 2.2eÀ16; relative to random mutations), with only 7% of PHBR-II scores below the 6 PHBR-II threshold. The differences observed in MHC-II presentation for these classes of mutation were robust to the inclusion of less recurrent (C) A violin plot with the distribution of somatic mutations occurring at different frequencies: passenger mutations in non-cancer implicated genes observed %2 in TCGA, and mutations in cancer implicated genes observed 3-10 times, 11-40 times, and >40 times in TCGA. (D) CDFs for somatic mutations occurring at different frequencies. For (A) and (C), the white dots represent the median, the thick dark gray lines denote the interquartile of the data, and the thin dark gray lines denote the 1.5 IQR range. See also Figure S4 and Tables S3 and S4. (observed >2 times in TCGA) cancer mutations ( Figure S4B ) and to using different samples of random mutations ( Figure S4C , empirical p < 0.05). Interestingly, these trends were not unique to cancer patients but were also observed in alternate human populations, suggesting that MHC-II genotypes do not significantly differ between the two populations ( Figure S4D ). We next evaluated whether the recurrence of a mutation was related to its presentation by MHC-II by comparing the PHBR-II score distributions of passenger mutations and varying frequencies of cancer-driving mutations ( Figure 3C ). Passenger mutations, defined as mutations occurring only 1-2 times across all tumors in non-cancer genes, had a PHBR-II score distribution very similar to that of random mutations with an enrichment for PHBR-II scores near 0, suggesting that many passengers are likely to be effectively presented. This enrichment of presented passenger mutations is consistent with recent reports that HLA loss of heterozygosity is frequent in some tumor types (Chowell et al., 2018; McGranahan et al., 2017; Ryschich et al., 2004) and is associated with the accumulation of mutations that would have been effectively presented by the lost allele (McGranahan et al., 2017) . Consequently, 25% of the passenger mutation PHBR-II scores fall below the PHBR-II cutoff of 6 ( Figure 3D ). In comparison, we observed significantly worse presentation with increasing mutation frequency for recurrent mutations (observed >2 times across typed tumors) in known cancer genes (p < 2.2eÀ14). The percentage of PHBR-II scores falling below the PHBR-II threshold of 6 falls with each jump in frequency; from 20% for low frequency driver mutations (%5 times; 841 total) to 16% for medium frequency driver mutations (>5, %20 times; 149 total) to a dramatic 8% for high frequency driver mutations (>20 times; 28 total) ( Figure 3D ). Despite the striking shift toward larger PHBR-II scores with increasing recurrence, MHC-II presentation across patients was not quite significantly correlated A C B Figure 4 . Patient-Specific MHC-II Genotype Influences Mutation Probability (A) A violin plot denoting the difference in PHBR-II scores when the 5,942 patients are split by mutation occurrence, considering only mutations observed R2 times across tumors. (B) Nonparametric estimate of the logit-mutation probability as a function of PHBR-II scores considering mutations observed R2 times across tumors.
(C) The MHC-II ORs (gray circles) and 95% CIs (bars) associated with a 1-unit increase in log-PHBR-II score for different cancer types. See also Tables S4 and S5. with mutation frequency (burden) across tumors overall (Spearman's rho = 0.27, p = 0.07, Figure S4E ). This is in contrast to the relationship observed for MHC-I (Spearman's rho = 0.66, p = 1.02eÀ6 within the same patient group). We note that median PHBR-II scores for mutations observed >10 times tend to be elevated equivalently. This may reflect a threshold beyond which presentation no longer occurs and thus beyond which numeric differences in PHBR-II score should no longer be informative about mutation frequency. Taken together, these results suggest that MHC-II-based presentation across the human population constrains the frequency at which mutations arise across tumors.
MHC-II Genotype Constrains the Landscape of Cancer Mutations in Individual Tumors
Given observed bias for cancer mutations to be poorly presented by human MHC-II ( Figure 3A ), we hypothesized that MHC-II genotype could influence patient-specific mutation probability. To explore this hypothesis, we intersected occurrence of mutations with potential of an individual to present those mutations as quantified by their PHBR-II score. PHBR-II scores were separated into two groups: those that corresponded to observed mutations and those that corresponded to unobserved mutations ( Figure 4A ). Consistent with our hypothesis, we observed a large upward shift in PHBR-II distribution for the observed mutations as opposed to the unobserved mutations. As mutations become less presentable (higher PHBR-II), the probability of mutation increases significantly ( Figure 4B) , with the most pronounced increase occurring at lower PHBR-II scores.
Next, we used a logistic regression with non-linear effects to model the relationship between MHC-II genotype and the probability of observing a recurrent somatic mutation in a pancancer setting. We found a substantial increase in odds of acquiring a mutation as PHBR-II scores increased (OR = 1.23, p < 9.9eÀ58, Table 1 ). Importantly, passenger mutations, established non-driver mutations (Table S4) , and germline polymorphisms did not exhibit the same increase (OR = 1.00, OR = 0.99, and OR = 0.99, respectively, Table 1 ). In addition, the OR decreased when less stringent HLA type calls were used (OR = 1.20), suggesting the importance of accurate HLA typing.
Because the immune environment can vary considerably across tissue sites, we revisited our analysis for each tumor type separately ( Figure 4C ; Table S5 ). Twelve of the eighteen tissues had significant positive ORs (p < 0.05) after multiple testing correction. Similar to MHC-I, MHC-II genotype had the strongest effect in thyroid cancer; however, the effects of MHC-II were even greater than MHC-I (OR = 2.63 versus OR = 2.21, considering only thyroid cancer patients with confident MHC-I and MHC-II typing) ( Figure 4C ).
MHC-II Works Together with MHC-I to Influence Mutation Probability in Individual Tumors
We previously established the influence of germline MHC-I genotype on the probability of observing specific mutations in tumors . To assess the combined influence of MHC-I and MHC-II on mutation probability, we evaluated the correlation between PHBR-I and -II scores across recurrent cancer mutations. The range and distribution of PHBR-I and -II scores differs substantially ( Figure S5A ), and while lower PHBR scores are indicative of more effective presentation in both cases, the range of values where most presentation takes place is expected to differ as MHC-II binds peptides with lesser stringency for peptide affinity and more promiscuity than MHC-I. These differences suggest the potential for MHC-I and MHC-II to contribute to presentation and thus constrain mutation probability in complementary ways. Indeed, we observed only a weak positive correlation between PHBR-I and -II score distributions across recurrent cancer mutations (Spearman's rho = 0.36; Figures 5A and S5B) . Consequently, we modeled the relationship between the probability of observing a mutation and both classes of PHBR scores across the 1,018 recurrent mutations (Figure 5B) . Mutations with low PHBR scores (effective presentation) for either class had a much lower probability of being observed in tumors than mutations that had high PHBR scores (poor presentation) for both classes.
To quantify the influence of MHC-I and MHC-II on probability of mutation, we used an additive logistic regression model with non-linear effects that incorporated both PHBR-I and -II scores in the pan-cancer setting. Because the distributions of PHBR-I and -II are very different, we calculated the ORs between the 25th and 75th percentile PHBR, such that the OR represents the increase in odds of observing a mutation among individuals with a high PHBR score relative to a low PHBR score for each MHC class. Notably, we found the impact of MHC-II on the probability of a mutation to be larger than the impact of MHC-I (single model incorporating both classes: OR = 1.74 with CI [1.67, 1.80] and OR = 1.60 with CI [1.54, 1.64], respectively). To better understand the relative effects of presentation by MHC II versus MHC I in a tissue-specific setting, we also estimated their individual effects on mutation probability in a joint model. Consistent with our pan-cancer analysis, we found MHC-II to have more extreme effect sizes in most tissues ( Figure S5C ).
The same driver mutations can occur early or late during tumor development; however, in a model where immune selection is impaired later in tumorigenesis by mechanisms of immune evasion, selection should be stronger on early clonal occurrences. Therefore, we further annotated mutations according to whether they were more likely clonal or subclonal based on relative allelic fraction of the mutations (STAR Methods). Consistent with our assumption, likely subclonal mutations had decreased ORs relative to PHBR II and PHBR I scores (single class model, reference Table 1 : PHBR-II OR = 1.13 as compared to 1.21 for all mutations, PHBR-I OR = 1.16 as compared to 1.20 for all mutations, Figure 5C ), confirming that subclonal events are subject to weaker selection. Moreover, when restricting analysis of selection to likely clonal mutations, ORs for both PHBR II and PBHR I scores increased (single class model, reference Table 1 : PHBR-II OR = 1.29 as compared to 1.21 for all mutations, PHBR-I OR = 1.29 as compared to 1.20 for all mutations). Although mutation calls may be less confident for subclonal mutations, these results suggest that true effect sizes may be higher than previously reported.
Differences in MHC-II versus MHC-I Presentation Specificities
Next, we explored whether practical differences exist in the presentation of particular driver mutations by MHC-II versus MHC-I. We compared the fraction of patients wherein a mutation was presented by MHC-II with the same fraction for MHC-I (Figure 5D; Table S6 ) and further divided mutations into four categories: rarely presented by either MHC-I or MHC-II, more frequently presented by MHC-I, more frequently presented by MHC-II, and frequently presented by both. Interestingly, we observed that MHC-II-based presentation tended to be bimodal, such that a mutation was presented by most patients, or by almost no patients, with a few notable exceptions including KRAS G12 ( Figure S5D ). In contrast, MHC-I-based presentation spanned the full range, with many mutations presented in varying fractions of patients. Although these trends may be impacted by the higher sensitivity of the PHBR-I score as compared to the PHBR-II score, they were constant across several thresholds ( Figure S5E ). This suggests that MHC-II-based presentation may be more shared across patients, whereas MHC-I-based presentation is more individual-specific. We further investigated the mutations frequently presented by both MHC-I and MHC-II, because we would expect them to arise with low likelihood in cancer. Indeed, these mutations had lower allelic fractions than mutations presented well by at least MHC-I or MHC-II (Mann-Whitney, p = 0.03), suggesting these mutations are subclonal, arising after immune evasion, and could be effectively eliminated by the immune system. Based on this analysis, the relative abundance of class I peptides appears to be higher than that for class II, suggesting better potential for engineering class I anti-tumor responses; however, recent reports suggest a bias for responses to be CD4 + -driven in practice (Ott et al., 2017) . This could indicate that TCR availability is a major bottleneck for effective CD8 + immune responses.
Evidence for Distinct Effects of Class II-versus Class I-Driven Immunosurveillance
Differences in the dynamics of peptide presentation and immune response for MHC-I versus MHC-II may have important implications for tumor-immune interactions. Whereas MHC-I binds peptides with high specificity, MHC-II binds a broader array of peptides with a high degree of promiscuity. CD4 + T cells activated by MHC-II-peptide complexes can play either a regulatory or an effector role, whereas CD8 + T cells are strictly (cytotoxic) effectors. The different properties of class I-and class II-based immunity (Unanue et al., 2016; Yewdell and Haeryfar, 2005) are essential for an effective defense against pathogens, but the implications for anti-tumor responses are less clear. We therefore sought to further quantify the potential for these distinct roles to introduce measurable differences between class I-and class II-mediated immunosurveillance during tumor development.
Because of its established regulatory role in cancer, we reasoned that MHC II-driven immunosurveillance could have a larger effect on the immune microenvironment than MHC I. Using Figure S5 and Table S6. CIBERSORT (Newman et al., 2015) to evaluate infiltration by different immune cell types into tumors, we sought to identify a relationship between immune infiltrates, cytotoxicity score , and strength of immune selection. We divided patients into groups based on their immune infiltrates and cytotoxicity scores and tested for differences in immune selection ( Figures S6A-S6D ) but did not find any significant relationships. This apparent lack could be an artifact of the timing of the MHC-imposed selection relative to when the RNA samples were taken.
Population level variation in effectiveness of cancer-relevant immunosurveillance could also relate directly to cancer susceptibility. We reasoned that patients whose MHC genotype could present a larger fraction of driver mutations to the immune system would be more resistant to developing cancer. As homozygous genotype at MHC alleles could reduce the diversity of presented peptides, we compared presentation across patients with different levels of homozygosity. We quantified coverage of cancer causing mutations as the fraction of the 1,018 driver mutations that could be presented by the MHC-II genotype of each patient (STAR Methods) and henceforth refer to this fraction as MHC-II coverage. As expected, patients with more homozygous MHC-II alleles were able to present a smaller fraction of the space due to their decreased MHC diversity ( Figure 6A ). MHC-I (using a PHBR-I cutoff of 2) (Nielsen and Andreatta, 2016) and showed a similar trend ( Figure 6B ).
Next, we asked whether higher MHC coverage could delay the development of cancer. We reasoned that if two patients acquired a cancer-driving mutation at the same time, the patient with higher MHC coverage would be more likely to expose their mutation to the immune system and stop expansion of the cancer. Thus, high MHC coverage should lead to diagnosis with cancer later in life and vice-versa ( Figure 6C ). First, we tested MHC-II, but found no relationship between age at diagnosis and coverage (p = 0.51, Figure S7A ). In contrast, patients with higher MHC-I coverage of driver mutations were more often diagnosed with cancer at a later age (p = 0.01, controlling for tumor type and ancestry, Figure 6D ). Across tumor types, the 5% of patients with the highest MHC-I coverage were diagnosed with cancer 4 years later than the 5% of patients with the lowest coverage (p = 0.004, Figure S7B ), versus a 2-year difference when the highest and lowest 10% was used (p = 0.02). Across tumor types, hepatocellular carcinoma showed the most significant difference after multiple testing correction and was diagnosed on average 7 years earlier when MHC-I coverage was low. Although coverage of driver and passenger mutations was strongly correlated (MHC-I Pearson's r = 0.79, MHC-II Pearson's r = 0.68), the significant association with age at diagnosis with MHC-I coverage was not observed for passengers (p = 0.11). Within tumor types, MHC-I coverage did not correlate with overall mutation burden ( Figure S7C ). These findings suggest that the effect on age is specific to MHC-I coverage of driver mutations rather than to effects of coverage on mutagenesis in general. Using the number of homozygous MHC-I genes in place of coverage showed the same association with age at diagnosis but was more granular because patients fall into discrete bins of homozygous genes counts (p = 0.024).
The observation that MHC-I, but not MHC-II, coverage is correlated with age at diagnosis supports a protective role for CD8 + -driven cytotoxicity. The lack of association with MHC-II suggests that MHC-II-driven CD4 + effector responses against key driver mutations are weaker than CD8 + responses. In addition, either the regulatory role of CD4 + -driven immune responses does not depend on coverage of driver mutations or, as indicated in Figure 2 , low variance in interpatient coverage by MHC-II causes this effect to be undetectable.
DISCUSSION
The role of MHC-II in immunity to cancer is of clear relevance (Haabeth et al., 2014; Hung et al., 1998; Wang, 2001) . MHC-II represents a tumor-autonomous phenotype that predicts therapeutic response to immune checkpoint inhibitors (Johnson et al., 2016) . CD4 + T cells system-wide play a central role in the initiation of an anti-tumor response in the context of immune checkpoint inhibition (Spitzer et al., 2017) and the response to neoantigens (Zanetti, 2015) . Surprisingly, melanoma patients immunized against autologous tumor neopeptides predicted to bind MHC-I mounted preferentially MHC-II-restricted CD4 + T cell responses (Ott et al., 2017) . Besides effector functions (Haabeth et al., 2014) , CD4 + T cells exert important regulatory function contributing in a fundamental way to the activation and maintenance of CD8 + and CD4 + T cell responses (Cassell and Forman, 1988; Gerloni et al., 2000; Janssen et al., 2003; Langlade-Demoyen et al., 2003; Shedlock and Shen, 2003; Sun and Bevan, 2003; Sun et al., 2004) . Thus, it appears that MHC-II and MHC-II-restricted T cell responses play a pivotal role in the anti-tumor response independent of the role of MHC-I and MHC-I-restricted T cell responses.
To assess how MHC-II genotype impacts emerging tumors, we systematically interrogated the role of MHC-II genotype in shaping tumor genomes using a quantitative PHBR-II score representing the ability of an individual's MHC-II genotype to present specific residues. We investigated the relationship between MHC-II genotype, somatic mutation probability, and tumor susceptibility across thousands of tumors.
Recurrent cancer mutations were presented more poorly by MHC-II genotypes across the population than either pathogenic residues or passenger mutations. The strong MHC-II presentation of pathogenic residues suggests an evolutionary advantage to MHC-II genotypes able to present and evoke elimination of infection (Hedrick, 2002) . On the other hand, the difference in MHC-II presentation between recurrent driver and passenger mutations suggests that tumors develop under changing selective pressure from tumor surveillance by CD4 + T cells, suggestive of immuno-editing. As the tumor grows and activates mechanisms to evade the immune system, MHC-II presentation becomes less important and passenger mutations are acquired regardless of their affinity to MHC-II.
In individual tumors, we found that MHC-II presentation impacts the probability of a patient acquiring a driver mutation using passenger mutations and germline variants as negative controls. Because the most frequently observed mutations in the TCGA cohort are those that are not presented by most HLA genotypes, shuffling HLA alleles does not result in a significant change to the effect sizes estimated by our models. We anticipate that carefully designed experiments that provide serial monitoring of mutation profiles in the presence of an active immune system may be required to understand the true strength of MHC-driven selection. Differences in the effect of MHC-II presentation across tumor types further suggests that this selection is greater in some tissue settings than others. The differences could also reflect some of the distinct molecular alterations of each tumor type. For example, the strongest effects were observed in thyroid cancer, which is characterized by frequent BRAF mutations and RAS mutations (NRAS Q61R, HRAS Q61R, and NRAS Q61K) (Cancer Genome Atlas Research Network, 2014) that are all poorly presented by MHC-II. The weakest effects occurred in prostate cancer, which has a somatic landscape dominated by gene fusion and copy number alterations but fewer somatic point mutations (Cancer Genome Atlas Research Network, 2015) . Developing strategies to measure the effect of MHC-II selection on gene fusions and copy number alterations could provide further insight into the apparent tumor-type-specific differences and role of MHC-II in specific tumor types.
Although gene expression was shown to be a determinant of MHC-driven selection across all somatic mutations (Yang et al., 2018) , our analysis focused on a small number of driver mutations that should be enriched for early events in tumor development. Because gene expression in the TCGA was measured from samples taken at diagnosis, it may not accurately reflect the levels of expression at earlier times during tumor development; therefore, we omitted expression levels from our model. We also found no relationship between MHC-II-based mutation and expression-derived estimates of tumor infiltrating immune cells. Indeed, while high levels of T cell infiltration at the time of diagnosis is associated with longer disease-free survival (Galon et al., 2013) , T cell densities decrease along with tumor progression (Bindea et al., 2013) . Thus, our data may reflect the evolving nature of immune infiltration in tumors.
Notably, MHC-II had stronger effects than MHC-I in shaping the driver mutations of a tumor. Interestingly, these effects appear to be less patient-specific than MHC-I, perhaps due to the promiscuous nature of MHC-II peptide binding. Furthermore, these effects could be driven by a faster evasion of MHC-I presentation than MHC-II presentation due to mechanisms like HLA mutation or HLA loss of heterozygosity that would occur within the tumor but are unlikely to affect the MHC-II on professional APCs (McGranahan et al., 2017; Shukla et al., 2015) . Another possibility is that MHC-II presentation and CD4 + T cell recognition may be a necessary prerequisite to CD8 + T cell cytotoxicity and tumor elimination, in agreement with the regulatory role of CD4 + T cells. We reason that the stronger effect of MHC-II on the odds of acquiring a mutation is consistent with a dual regulatory and effector CD4 + role. If the role of CD4 + T cells was purely regulatory, MHC-I specificity would be expected to drive mutation probability. Therefore, the role of the MHC-II genotype and MHC-II presentation needs to be properly weighted to understand the role of the interplay between mutational burden and tumor evolution. This understanding will be essential in the development of immunotherapies, likely being a critical component of their future success.
Early detection, diagnosis, and treatment of tumors is a major determinant of patient morbidity and mortality. Accurate predictions of when, where, and how tumors are likely to arise would have enormous implications for cancer screening and could improve survival rates. While the main contributor to the development of most adulthood tumors is sporadic somatic mutation, germline variants have been implicated as a determinant of tumor characteristics . Here, we propose that the MHC-II genotype is an additional such germline influence.
We also noted a direct association between patient MHC-I diversity and age at diagnosis. Interestingly, we do not see the same age at diagnosis associations with MHC-II. This observation along with the increased effect of MHC-II as compared to MHC-I over mutation selection suggests different roles of the two MHC classes. MHC-II appears to exert a stronger selective pressure, leading to a stronger effect on somatic mutation probability. This role aligns with the understanding of CD4 + T cells as a necessary component of the activation and regulation of CD8 + T cells. On the other hand, the diversity of an individual's MHC-I may play a role in tumor susceptibility, but MHC-I appears to have weaker effects on mutation selection. Importantly, our estimate of the protective effect of MHC-I is based on an incomplete list of early cancer-driving mutations and may therefore underestimate the magnitude of the effect.
These findings suggest that the combination of MHC genotype with other relevant information such as germline risk factors or mutagenic exposures could improve prediction of cancer susceptibility. In addition, future improvement of the algorithms that predict peptide binding to MHC-II molecules based on affinity, which currently lag behind such algorithms for MHC-I, could lead to better accuracy in predicting presentation. Improvements in predictive algorithms will increase our ability to predict cancer risk and predispositions. Importantly, while MHC-restricted presentation is the initial event in antigen-specific T cell activation, it may not be the only factor required for subsequent elimination by T cell. Thus, accurate prediction of presentation and T cell activation may be required to predict the occurrence of specific mutations. Finally, in addition to the well-recognized roles of MHC and T cells, one needs to factor in additional mechanisms of immune escape and intratumor heterogeneity such as polarization of myeloid cells (Zelenay et al., 2015) , the local effects of ER stress response (Cubillos-Ruiz et al., 2015; Rodvold et al., 2017) , and natural killer (NK) cells (O'Sullivan et al., 2012) .
In conclusion, we found that predicted MHC-II presentation of cancer-related somatic mutations shape tumor development through variation in antigen presentation in complementary fashion to MHC-I, highlighting the need to consider the independent, yet complementary, roles of CD4 + and CD8 + T cells in the selection and elimination of tumors.
STAR+METHODS
Detailed methods are provided in the online version of this paper and include the following: Here we evaluated two approaches to selecting the set of peptides containing the residue to consider:
C All 15-mers: Every peptide of length 15 containing the residue of interest, totaling 15 peptides. C 13-mers through 25-mers: Every peptide of length 13 through length 25 containing the peptide, totaling in 247 peptides (Wieczorek et al., 2017) .
Insertion and deletion mutations were modeled by the resulting peptides that differed from the native sequence and tested with the same peptide-set parameters. These two peptide selection models were compared based on performance in a multi-allelic setting and all 15-mers model was selected (see below).
Multi-allele Presentation Score Construction
We defined a patient presentation score to represent a particular patient's ability to present a residue given their distinct set of 12 HLA-encoded MHC-II molecules (4 combinations of HLA-DPA1/DPB1 and HLA-DQA1/DQB1; 2 alleles of HLA-DRB1 considered twice each-since HLA-DRA1 is invariant-for consistency between resulting molecules). The Patient Harmonic-mean Best Rank (PHBR) score was assigned as the harmonic mean of the best residue presentation scores for each of the 12 MHC-II molecules A lower patient presentation score indicates that the patient's MHC-II molecules are more likely to present a residue on the cell surface.
Mass Spectrometry-based Presentation Score Validation
In order to test the performance of the different peptide sets that could compose the multi-allelic PHBR score to predict presentation, we used published MS data for 7 cell lines expressing 2-3 HLA-DRB1 alleles typed to the fourth digit (Ciudad et al., 2017) . Ciudad et al. (2017) catalogs peptides observed in complex with MHC-II (HLA-DR) on the cell surface for 7 different combinations of 2-3 HLA-DRB1 alleles, with 70 to 240 mappable peptides each. These data were combined with a set of random peptides to construct a benchmark for evaluating the performance of scoring schemes for identifying residues presented on the cell surface as follows:
C Converting MS peptide data to residues: The Ciudad et al. (2017) MS data provides peptides observed in complex with the MHC-II, whereas our presentation score is residue-centric. For each peptide in the MS data, we selected the residue at the center (or one residue before the center in the case of peptides of even length) as the residue for calculating the residue-centric presentation score. C Selection of background peptides: We selected 3000 residues at random from the Ensembl human protein database (Release 89) (Aken et al., 2017) to ensure balanced representation of MS-bound and random residues. The randomly selected residues represent an approximation of a true negative set of residues that would likely not be presented on the cell surface. If this assumption is flawed, the resulting AUC will underestimate the true accuracy. C Scoring benchmark set residues: We calculated PHBR presentation scores with each peptide set for all of the selected residues from the Ciudad et al. (2017) data and the 3000 random residues against each of the 7 cell lines. C Evaluating scoring scheme performance using the benchmark: For each scoring scheme, scores were calculated for each cell line and pooled across the 7 cell lines. We plotted and compared ROC curves for each score formulation by calculating the True Positive Rate (% of observed MS residues predicted to bind at a given threshold) and the False Positive Rate (% of random residues predicted to bind at a given threshold) from 0 to 100 with steps of 0.5. Finally, we assessed overall score performance using the area under the curve (AUC) statistic. Based on this analysis, the 15-mer peptide set was used to construct the PHBR presentation score for all subsequent analyses.
HLA-II Typing HLA genotyping was performed for genes HLA-DRB1, HLA-DPA1, HLA-DPB1, HLA-DQA1 and HLA-DQB1, which encode three protein determinants of MHC-I peptide binding specificity, HLA-DR, HLA-DP, and HLA-DQ. TCGA samples (Table S1 ) were typed with HLA-HD (Kawaguchi et al., 2017) , using default parameters. HLA-HD requires germline (whole blood or tissue matched) whole exome sequenced samples. The tool reports 100% 4-digit validation accuracy across 90 low-coverage exomes. Samples with very low of coverage on specific genes are left untyped by HLA-HD. Patients were assigned an HLA-DR type if they were successfully typed for HLA-DRB1. Patients were assigned HLA-DP and -DQ types if they had successful typing for HLA-DPA1/HLA-DPB1 and HLA-DQA1/ HLA-DQB1, respectively. Samples were validated by xHLA (Xie et al., 2017) , run with default parameters, and only patients where all alleles agreed were included in the analysis ( Figure S2A ; Table S1 ). Allele frequencies were visualized with horizontal bar graphs (Figures S2B-S2F ).
Selection of Recurrent Oncogenic Mutations, Passenger-like and Non-driver Mutations
Somatic mutations were considered to be recurrent and oncogenic if they occurred in one of the 100 most highly ranked oncogenes or tumor suppressors described by Davoli et al. (2013) and were observed in at least 3 TCGA samples. Among these, we retained only mutations that would result in predictable protein sequence changes that could generate neoantigens, including missense mutations and inframe indels. A total 1,018 mutations (512 missense mutations from oncogenes, 488 missense mutations from tumor suppressors, 11 indels from oncogenes and 7 indels from tumor suppressors) were obtained . All mutations observed in TCGA patients that did not fall into the 200 most highly ranked cancer genes were designated passenger-like mutations. Furthermore, we created an additional set of established non-cancer mutations. To do so, we selected a set of genes from Lawrence et al. that were known non-cancer genes and and selected mutations in these genes regardless of their recurrence in TCGA (Table S4 ) (Lawrence et al., 2013) .
Selection of Other Classes of Residues
Peptides from pathogens, common germline human variants and randomly mutated human peptides were assembled for comparison with recurrent oncogenic mutations . The proteomes of 10 virus species and 10 bacterial species were downloaded from UniProt (UniProt Consortium, 2015) . One thousand residues were selected at random from both the viral and the bacterial set. A random set of mutations was generated by sampling 3,000 possible amino acid substitutions across human proteins from Ensembl (release 90; GRCh38) (Aken et al., 2017) . A set of 1,000 common germline variants was sampled from the Exome Variant Server.
Generating Mutant Peptide Sequences
To allow determination of peptide sequences incorporating missense mutations, protein sequences were obtained from Ensembl (release 90; GRCh38) (Aken et al., 2017) and updated with the new amino acid. For indels, we modified the corresponding mature messenger RNA transcript sequences (CDS) by inserting or deleting nucleotides then translated the modified mRNA to protein sequence.
Patient Presentation Score-based Clustering A matrix of PHBR scores was constructed with 5,942 TCGA samples as rows, 1,018 recurrent oncogenic mutations as columns, and PHBR score in each cell. The matrix was clustered using hierarchical agglomerative clustering on rows and columns. For convenience of visualization, a partial matrix is displayed in Figure 2 . In order to use the dynamic range in heatmap color to display variation in patient presentation scores relevant to MHC-II based presentation, the PHBR color scheme only varies from 0 to 40. Colorbars provide additional information about patients and mutations, including ancestry, tumor type and T cell infiltration levels (patients) and mutation type and gene category (mutations). CD4 T cell infiltration was determined using CIBERSORT (Newman et al., 2015) , an mRNA-based immune infiltration prediction algorithm. Patients were mapped to high, medium-high, medium-low and low CD4+ T cell infiltration categories if their CIBERSORT scores fell into upper to lower quartiles respectively.
Comparison of Presentation Scores for Different Classes of Residue
PHBR presentation scores were calculated for 5,942 TCGA patients across different classes of residue including 71 highly-recurrent (R10) oncogenic missense mutations, 1000 random amino acid substitution, 1000 germline variants, 1000 viral residues and 1000 bacterial residues (see Selection of Other Classes of Residues). Across categories, this resulted in 24, 189, 882 PHBR scores (oncogenes: 231, 738, tumor suppressor genes: 190, 144, random: 5, 942, 000, common: 5, 942, 000, viral: 5, 942, 000, bacterial: 5, 942, 000) . The distributions of PHBR scores in each category were compared with Mann-whitney U tests and visualized with violin plots ( Figure 3A ). Furthermore, we plotted cumulative distributions to demonstrate the practical presentation of each class across several thresholds and calculated the confidence intervals of each curve with bootstrapping ( Figure 3B ; Table S4 ). Finally, we tested 20 independent sets of 1,000 random mutations to evaluate the confidence of the cumulative distributions ( Figure S4C ).
Generation of non-cancer population
As a control population, we used dbGaP samples (dbGaP: Phs000398, Phs000254, Phs000632, Phs000209, Phs000290, Phs000179, Phs000422, Phs000291, Phs000631 and Phs000518) typed at MHC-II using HLA-HD (Kawaguchi et al., 2017) , with default parameters and typed at MHC-I using Optitype (Szolek et al., 2014) , with default parameters. Both tools require germline (whole blood or tissue matched) whole exome sequenced samples. We successfully typed the HLA-I genes for 1,386 patients and the HLA-II genes for 1,219 patients who had alleles in the netMHCpan-3.0 and the netMHCIIpan-3.1 database. This control population was used to look at the MHC-II population of different classes of peptides by a non-cancer specific population ( Figure S4D ). We would like to acknowledge the following dbGaP studies and all of their contributors: study funded by the NHLBI (RC2 HL101779). C Phs000518.v1.p1: The authors wish to acknowledge the support of the National Heart, Lung and Blood Institute (NHLBI) and the contributions of the research institutions, study investigators, field staff and study participants in creating this resource for biomedical research. This work was supported in part by grants R01 HL071798 from the NHLBI and U54 HL096458 from the NHLBI (previously supported by the NCRR), the components of NIH. This study is part of the NHLBI Grand Opportunity Exome Sequencing Project (GO-ESP). Funding for GO-ESP was provided by NHLBI grants RC2 HL103010 (HeartGO), RC2 HL102923 (LungGO) and RC2 HL102924 (WHISP). The exome sequencing was performed through NHLBI grants RC2 HL102925 (BroadGO) and RC2 HL102926 (SeattleGO).
Analysis of Presentation versus Mutation Frequency Among Tumors
The PHBR scores of 5,942 patients in TCGA were calculated for 1000 passenger mutations (observed 1 or 2 times in the 5,942 patients; not occurring in 200 cancer-implicated genes). PHBR scores were calculated for 1,018 recurrent driver mutations (from 200 cancerimplicated genes) in the 7137 patients. The distribution of passenger PHBR scores was compared to 841 low frequency (%5 times), 149 medium frequency (> 5, % 20 times) and 28 high frequency oncogenic mutations (> 20 times). The distributions of PHBR scores in each category were compared with Mann-whitney U tests and visualized with violin plots ( Figure 3C ). Furthermore, we plotted cumulative distributions to demonstrate the practical presentation of each frequency grouping across several thresholds ( Figure 3D ).
Modeling the effect of PHBR-II on mutation probability
To assess the role of MHC-II in regards to mutation probability, we further restricted the recurrent oncogenic mutations to those occurring at least two times in the set of patients, resulting in 787 mutations and 5,942 patients. To first visualize the difference in PHBR-II distributions for mutations observed versus absent from tumors, PHBR-II scores from the 1,018 mutations x 5,942 patient matrix were grouped according to mutation status and plotted in side-by-side violin plots. Next, we built a 5,942 3 787 binary mutation matrix y ij H {0, 1} indicating whether patient i has a specific mutation j. We evaluated the relationship between this binary matrix and the matched 5,942 3 787 matrix with PHBR-II scores x ij of patient i and for mutation j. We fitted a generalized additive model for the PHBR-II score and mutation probability with the GAM function in the MGCV R package (Wood, 2010) . To estimate the effect of x ij on y ij we considered the following random effects model:
where h i $N(0, q h ) are random effects capturing different mutation propensities among patients. In these models, g measures the effect of the log-PHBR-II. We fitted this model using the glmer function from the lme4 R package (Bates et al., 2015) and tested the null hypothesis that g = 0. To analyze the PHBR-mutation relationship in different tumor types, we fit separate models for each tumor type where there were at least 50 total number of driver mutations in the cohort. Furthermore, we used this same method to evaluate the difference in selection between mutations high allelic fraction and low allelic fraction (see 'Clonality of mutations' section).
Modeling the interaction between MHC-I and MHC-II effects
To assess the interaction between MHC-I and MHC-II in regards to mutation probability, we reduced the set of patients to those successfully typed for both MHC-I and MHC-II . We further restricted the recurrent oncogenic mutations to those occurring at least twice in the set of patients, resulting in 787 mutations and 5,942 patients. Then, we checked the correlation between MHC-I and MHC-II presentation using a Spearman Rank Test between MHC-I and MHC-II scores for each patient across all 1,018 mutations. These correlations were displayed as a histogram ( Figure S4B ). After finding low correlation scores, we built a model of the interaction.
We built a 5,942 3 787 binary mutation matrix y ij H {0, 1} indicating whether patient i has a specific mutation j. We evaluated the relationship between this binary matrix and two matched 5,942 3 787 matrices with MHC-I PHBR scores w ij of patient i and for mutation j and MHC-II PHBR scores x ij of patient i and for mutation j. To visualize the relationship between w ij and x ij with y ij , we fit an generalized additive model for the PHBR scores of both classes using the GAM function in the mgcv R package (Wood, 2010) .
Finally, to estimate the effect of x ij and w ij on y ij we considered the following random effects model:
A within-patient model relating x ij and w ij to y ij for a given patient
where a is the intercept term and h i $N(0, q h ) are random effects capturing different mutation propensities among patients.
In these models, g measures the effect of the log-PHBR-I and b measures the effect of the log-PHBR-II on the probability of a mutation being observed. We fitted this model using the glmer function from the lme4 R package (Bates et al., 2015) and tested the null hypothesis that g = 0 and b = 0. To analyze the PHBR-mutation relationship in different tumor types, we fit separate models for each tumor type where there were at least 50 total number of driver mutations in the cohort.
Given the distinct PHBR score ranges for MHC-I and MHC-II, we constructed an OR analysis to compare the relative effects in the population. Instead of reporting the OR for a single unit increase, we reported the odds of observing a mutation in the 25th PHBR percentile relative to the 75th PHBR percentile.
Fraction of patients with presentation
For each mutation in our set of 1,018 driver mutations, we calculated the fraction of patients that could present the mutation based on their MHC-I and MHC-II genotype respectively. We used the standard weak binding cutoffs of 2 for MHC-I and 10 for MHC-II. These results were visualized with a density plot ( Figure 5D ) and a scatterplot of the high frequency mutations ( Figure S5D ). Furthermore, we compared the distributions for fraction of MHC-I and MHC-II presentation across several thresholds (0.25, 0.5, 1, and 2 for MHC-I and 1, 2, 5, and 10 for MHC-II) to ensure robustness ( Figure S5E ).
Clonality of mutations
The occurences of mutations within the set of 1,018 driver mutations were designated as likely clonal or likely subclonal based on the allelic fraction annotation provided by TCGA. Mutations that were among the lowest 30th percentile were designated likely subclonal and all the remaining were considered likely clonal. We modeled the independent effect of PHBR-II and PHBR-I on mutation probability separately for subclonal and clonal occurrences as described above in the section 'Modeling the effect of PHBR-II on mutation probability'.
MHC-based selection with different immune infiltration phenotypes
Immune infiltration levels were quantified from expression using CIBERSORT (Newman et al., 2015) and patient-specific cytotoxicity scores were derived . Tumors were divided into ''high'' and ''low'' groups for each of the following categories using the tumor-type specific 30th and 70th percentile: APC infiltration (B cells, dendritic cells and macrophages), cytolytic activity, CD8+ T cell infiltration and CD4+ T cell infiltration. We modeled the independent effect of PHBR-II and PHBR-I on mutation probability in the high and low groups as described above in the section 'Modeling the effect of PHBR-II on mutation probability'.
MHC coverage
MHC-I and MHC-II coverage of driver mutations was determined by calculating the fraction of the 1,018 driver mutation PHBR scores for each patient that fell below the binding thresholds, 2 and 10 for MHC-I and MHC-II respectively. This analysis resulted in each patient being assigned two MHC coverage values (MHC-I and MHC-II). Furthermore, two more values were calculated for each patient using 1,000 passenger mutations. The number of homozygous genes was determined for each patient by adding the number of identical alleles for MHC-I (-A, -B, -C) and MHC-II (-DRB, -DPA, -DPB, -DQA, -DQB) separately. The MHC coverage values were calculated for these patients as well and compared to the TCGA MHC coverage values with a Mann Whitney U test.
Age at diagnosis analysis
To visualize the association between MHC coverage and age at diagnosis, the patients with MHC coverage values in the lowest quartile and the patients with MHC coverage values in the highest quartile were compared. To determine statistical significance, a linear model in R was applied with age as the independent variable and MHC coverage, ancestry and tumor type as the dependent variables. Statistical significance was also determined for MHC-I and MHC-II coverage of passenger mutations and MHC homozygosity count as a replacement for MHC coverage. To assess the practical effect size of the extreme cases of MHC coverage, we compared the ages at diagnosis of the 5% of patients with the lowest MHC-I coverage with the ages at diagnosis for the 5% of patients with the highest MHC-I coverage with a two sample t test. We also performed the same analysis for the patients with the highest and lowest 10% of MHC-I coverage. A pearson correlation test was used to determine the correlation between MHC coverage of driver mutations and MHC coverage of passenger mutations for both MHC-I and MHC-II.
QUANTIFICATION AND STATISTICAL ANALYSIS
Additional Statistical Considerations
For all individual tests, a p value of less than 0.05 was considered significant. When multiple comparisons were made, p values were adjusted using the Benjamini-Hochberg method unless otherwise specified. For all boxplots, whiskers indicate the 1.5 IQR range.
DATA AND SOFTWARE AVAILABILITY
The python (2.7) and R code used to perform the analyses described in this manuscript and generate all main and supplemental figures is available in Data S1 and at https://github.com/Rachelmarty20/MHC_II. Figure S1 . Development of a Residue-Specific, Patient-Specific MHC-II Presentation Score, Related to Figure 1 (A) ROC AUC curves showing the accuracy of the PHBR-II including peptides of length 13-25 for classifying the extracellular presentation of a residue by a patient's HLA-DR genes for 7 donors (colors) and for all donors combined (black). The aggregated PHBR-II presentation scores for the 7 donors expression HLA-DR alleles was compared to a set of random residues for the same HLA-DR alleles. Figure S3 . Native Germline Presentation, Related to Figure 2 (A) A clustered heatmap of patients in TCGA with the native germline sequence 1,018 frequent cancer mutations. The same 1,050 patients are represented as in Figure 2 . The heatmap is colored by PHBR-II score. Column and row coloring highlight groupings of patients and mutations into different categories. (B) A scatterplot showing the median population PHBR-II score for each of the 1,018 mutations and their native germline sequence. Figure S4 . Population Presentation with MHC-II, Related to Figure 3 (A) Cumulative distribution functions denoting the fraction of true positive and false positive residues detected for each PHBR-II score in the mass spectrometry validation. (B) A violin plot denoting the distribution of PHBR-II presentation scores across all TCGA patients for 6 different classes of residue. Cancer mutations observed > 2 times in TCGA are displayed. White dots represent the median. (C) The cumulative distribution of 20 sets of random 1,000 mutations. Shown alongside the cumulative distribution from oncogenes and tumor suppressor genes. (D) A violin plot denoting the distribution of PHBR-II presentation scores across non-cancer dbGaP patients for 6 different classes of residue. White dots represent the median. (E) Two dot plots showing the median PHBR-II and -I presentation scores for all 5,942 patients of the 1,018 recurrent cancer mutations grouped by their mutation count in TCGA and displayed as a median. The number of times the mutation group is observed in TCGA is plotted in the bottom panel. The light gray line highlights the mutations observed 10 times. 
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